In order to solve cold logistics network problem under uncertain demand environment, this paper proposes a novel location inventory routing model to optimize costs in cold logistics.
INTRODUCTION
The cold chain, as any other supply chain, is a network of organizations working together in different processes and activities in order to bring products and services to the market, with the purpose of satisfying customers' demands. What differentiates cold chain from other supply chains is the importance played by factors such as food quality and safety, weather related variability, limited shelf life, which makes it more complex and harder to manage than other supply chain (Salin, 1998) .Due to characteristics of cold chain, managing cold logistics is a major concern in cold chain enterprises. Cold logistics is a system which keeps the frozen items in the required low temperature environment within the whole process of production, processing, packaging, storage, transportation to maintain the quality and nature. Accordingly, a daily activity in cold logistics consists of three important elements, namely facility location, vehicle routing and inventory control decisions. Many recent studies have focused on Location-routing problem(LRP), Location Inventory Problem(LIP) and Inventory Routing Problem(IRP) in cold chain (Zanoni et al.,2007; Samira et al.,2015; Govindan et al.,2014) .The Cold logisticsproblem is usually modeled as a single or bi-objective problem in these relevant papers, whereas papers that focuses on integrated and multi-objective problem in cold logistics is limited. However, it is more reasonable and practicalto envision cold logistics network as a multi-objective optimization from the perspective of system science. Hence, there is a need to address a integrated model to optimize the cost in cold logistics efficiently. This paper formulates a multi-objective location inventory routing model for cold logistics that incorporates the corruption cost into its transportation cost. The proposed model includes vehicle routing decisions, inventory decisions as well as location decisions. The goal of this research is to solve this location inventory routing problem(LIRP) by a suitable algorithms. Accordingly, this paper proposes a new discrete particle swarm optimization to minimize the total cost for LIRP in cold logistics.
LITERATURE REVIEW
With the increasing need for low-temperature food, cold logistics has became one of the prominent concerns especially in cold chain management. Tarantilis and Kiranoudis (2001) proposed a routing problem for fresh milk distribution using threshold-accepting algorithm to minimize the cost. Hsu et al., (2007) developed a VRPTW model to obtain optimal delivery routes,loads, fleet dispatching and departure times for distribution of perishable food. Osvald et al., (2008) constructed a heuristic algorithm for delivering fresh vegetables where perish ability is a critical factor. On the basis of VRP ,Location-routing problem(LRP)， Location Inventory (LIP) and Inventory Routing Problem(IRP) were developed by researchers. Leandro et al.. (2014) proposed an exact branch-and-cut algorithm for the solution of the PIRP for perishable products. Bozorgi et al., (2014) considered transportation unit capacity and storage unit capacity and addressed a new inventory model that considers both cost and emission functions in cold chain environment. Samira and Abbas(2015) devised an efficient meta-heuristic algorithm to solve a model of an inventory routing problem (IRP) especially for perishable goods. They considered not only the usual inventory routing constraints but also the cost of lost sale as a linear or an exponential function of the inventory age. Govindan et al., (2014) presented a two-echelon location-routing problem with time-windows(2E-LRPTW)for sustainable supply chain design, which aimed to optimize economical and environmental objectives in a perishable food sustainable supply chain. Ahmed and Samir (2016) introduced a mixed-integer concave minimization problem in the cold supply chain to minimize the total cost including capacity, transportation, inventory costs and the global warming impact. They designed a novel hybrid simulation-optimization approach to solve the problem.
Due to distribution, inventory and location decisions are more complicated and mutually related, studies on multi-objective problems arise in recent years. Liu and Lee (2003) were the earliest scholars to put forward this problem. They proposed a mathematical model for the single-product multi-depot location-routing problem taking inventory control decisions into consideration. Then a two-phase heuristic method were introduced to solve this problem. Liu and Lin(2005) developed a LIRP model considering stochastic demand and proposed a kind of global optimization heuristic algorithm to find the solution of the model. Shen and Qi(2007) find a low-order polynomial algorithm to minimize the total cost that includes location costs , inventory costs and distribution costs in the supply chain. Guerrero et al., (2013) presented a hybrid method, embedding an exact approach to solve the Inventory Location-Routing Problem with deterministic demand. Nekooghadirli et al., (2014) presented a novel bi-objective location-routing-inventory (LRI) model that considered a multi-period and multi-product system.
Compared to the two integration optimization problems, LIRP is more complicated but closer to reality. Hence, this paper optimizes multi-objectives for location, vehicle routing and inventory decisions and minimizes the total cost simultaneously.
3.MODEL FORMULATION

Problem description
This research considers multi-objective location-inventory-routing problem in two-echelon logistic distribution system. The cold logistics network consists of manufacturer, distribution centers and retailers. As shown in fig. 1 , production delivery from manufacturer to distribution centers, then travels to retailers. This paper aims to optimize four kinds of decisions:
(1) Routing decision: find optimal delivery routes under the condition of low-temperature.
(2) Location decision: select DCs from alternative distribution center to satisfy the actual demand.
(3) Inventory decision: determine the appropriate inventory quantity to reduce inventory costs. 
Manufacturer Distribution Center
Retailer
First echelon transportation
Second echelon transportation
Assumptions
In the model, we assume:
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(2) The demand of retailers obeys random distribution.
(3) Each of retailers is served only by one vehicle and the vehicle will be back to the start point.
(4) There is one type of vehicle with the same capacities.
(5)The wastage of products in manufacturer is ignored (6) Corruption rate of products is constant in distribution. 
Notations
Mathematical model
Subject to:
The objective function shown in Esq. (1) aims to minimize the location cost of distribution center. The objective function in Esq.
(2) aims to minimize the transportation cost. The objective function in Esq. (3) aims to minimize the inventory cost. Constraints (4) impose the capacity constraints on the distribution center. Constraints (5) impose the transport capacity constraints on vehicle type. Constraints (6) guarantee that each retailer is only served by one vehicle. Constraints (7) indicate that every car provide service for only one distribution center. Constraints (8) ensure that the vehicle cannot stay in a certain node.
Constraints (9) illustrate that the amount of products delivered to distribution centers must be greater than the quantity to retailers. Constraints (10) ensure that the demand of each retailer can be satisfied. The possible values are defined in constraints (11)-(13).
A NEW DISCRETE PARTICLE SWARM OPTIMIZATION(DPSO)
Particle swarm optimization (PSO) is inspired by social behaviour simulation, was originally designed and developed by Eberhart and Kennedy. It is a population-based search algorithm that was on the basis of the simulation of the social behaviour of birds within a flock. In the PSO, individuals are particles and are "flown" through hyper dimensional search space. They simulated birds' swarm behaviour and made each particle in the swarm move according to its experience and the best experience of particle. Each particle represents a potential solution to the problem and searches around in a multi-dimensional search space. All particles fly through the D dimensional parameter space of the problem while learning from the historical information gathered during the search process. The particles have a tendency to fly towards better search regions over the course of search process. The velocityv id and positionx id updates of the dth dimension of the ith particle are presented below:
Where c1 and c2 are the acceleration constants, r1 and r2 are two uniformly distributed random numbers in [0,1].x i =(x i1 ,x i2 ,..., x id )is the position of the ith particle, v i =(v i1 ,v i2 ,..., v id ) represents the velocity of the ith particlepb id =(pb i1 ,pb i2 ,...,pb id ) is the best previous position yielding the best fitness value for the ith particle, gb=(gb 1 ,gb 2 ,...,gb D ) is the best position discovered by the whole population, In Eq.(14) ,w is the inertia weight used to balance between the global and local search abilities.w max is the initial inertia weight of the velocity, w min is the final inertia weight of the velocity. t is the current iteration times, t max is the total iteration times.
In this context, we propose a modified scheme DPSO-LIRP algorithm. As we know, the problem space of the LIRP in cold logistics system is a directed complete graph, i.e., G=(V, E), and each candidate solution is a spanning subgraph of G. The search space of the particle swarm is the arc set E of the complete graph G. Each particle's position is represented by a crisp set of arcs, which is a subset of A.
One of the key issues in designing a successful PSO for location inventory routing problem is to find a suitable mapping between location inventory routing problem solutions and particles in PSO. Each particle is recorded via the path representation of the tour, that is, via the specific sequence of the nodes. The position of each individual (called particle) is
represented by a d-dimensional vector in problem space, i=1, 2…… N(N is the population size),and its performance is evaluated on the predefined fitness function. Concerning the fitness function, it should be noted that in VRP, the fitness of each particle is related to the route length of each circle and since the problem that we deal with is a minimization problem, if a feasible solution has a high objective function value then it is characterized as an unpromising solution candidate.
Initially all the solutions (particles) are represented with the path representation of the tour. As the calculation of the velocity of each particle is performed by the Eq.(1),the above mentioned representation should be transformed appropriately. We transform each element of the solution into a floating point interval [0, 1], calculate the velocities of all particles and then convert back into the integer domain using relative position indexing. For example if the velocities' vector of a particle is 0.4 1 0.6 0.8 0.5, the backward transformation gives 1 5 3 4 2. In DPSO algorithm, a specific local search for each neighbourhood is applied. The DPSO-LIRP algorithm is presented in figure 2 . Step 1: Choose randomly a routes R.
The DPSO-LIRP algorithm
Step 2: Choose randomly two vehicles N1 and N2 on route R.
Step 3: Swap vehicle N1 and N2.
For L2(s):
Step 1: Choose randomly two routes R1 and R2.
Step 2: Choose randomly a vehicles N1 on R1and a vehicle N2 on route R2.
For L3(s):
Step 1: Choose the route R that has the fewest loading capacity.
Step 2: For each customer in R, try to insert it into the other vehicle routes on the premise such that the insertion satisfies the constraints of the CVRP.
Step 3 shown in Fig.3 .As is shown in Fig.4 , in convergence metric, the results of the performance measures show that DPSO have better convergence compared to the PSO.
6.CONCLUSIONS
This paper proposes a new discrete particle swarm optimization for location inventory routing. DPSO uses multiple populations to deal with multiple objectives, the problem space of the LIRP in cold logistics system is a directed complete graph, the variable neighborhood search strategy to enhance the solution searching abilities of particles. The experimental results proved that the proposed method can find better solutions when compared to other approaches.Simulation results obtained from the proposed approach have been compared with those from previous methods. The comparison shows that DPSO provides a competitive performance demonstrate that the proposed DPSO outperforms the other techniques.
ACKNOWLEDGMENTS
This research was supported by the Natural Science Foundation of Shanghai, China
